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WordNet B, IX 56 ] RIREE, AT TIRZ HARE S A3 (NLP) BORF 5T 5 AR, e T
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WA “spouse” KFR, MEKA “wife” KR, FIIEFER “wife” TN F] “spouse” XK K. HiH5H]
H AP R SEAR R OC R 2 5, AT DL i A ) AR EE F ) =t 4 (“Yao Ming”, “people/person/
spouse_s./people/marriage/spouse”, “Ye Li”) f3#I& % “Ye Li".

FTRIRER [H & RG R SEI TR T 08 3 28 Fe 18 SURBT 7k B2 TE BRI R 75k
BETURBE S ST (7532 Bo) JE T SURRAT I 7 AR T N g 8 RiA A 2 TR R M Ak S
SRIRHIE TR, B TR S T AN TR SN L OB RE AL SR 2R R AE LA, T2 R A T
s 3137 P 77 2R ELREAR B i) A v A0 5 SRR SR R, BRI T I S s, BATHIR 280 T
FVRPE IR ) 2 R GEAE 2 2T 1)) AR o0 BRI IR IR 32 202 8 T S / 5k R I SOARHR R B, T &
W T KR E 5 RIS B W, 28— AR “Yao Ming”, & F B 5152 B SR 4 (name) . SEAREAY
(type) SERIR(E Bk 2] KA R, XTI R NG AR EEAR S A5 8, TIX L4545 B AT LA
5 ) B SAR R R BIVE X, IE W] DO TSGR AN OC R WA AT A B 200, N, 24 e @ i 98 &N
MBI ZRIT, I R B SR R 22 A, T ATRE R S5 R (5 2, BRI SRR o0 R & #EAT 118 XL
25, 0] LU G 1R HA IR SEAART G 2 H IR SCAS DT IE 1% VL.

I, Hao 55 101§ H A A AR e rh IR 25 4045 R Y 9 7 25 R4, 80 TransE M AR 2% 5] Sitfk
MR RINETR, IG5 3T SARI SO HR 1S B LR EAT P, SR RIR. T EAE AR
FoR 5 2 R SRR R RAE N — AN SL ) BT, R 3IFRR e e T AR ER S E B, 25 5
R SAR AN O R I 7 5 SRR Z A AETE SO, AN RE BRI S R R IR,

B X2 I R, AR SCHE tH — Bl R B RAR PR 1) 25 R 4, AR Y R R 1 S5 K15 Bk 42
R R ) R SO0 FR I HERR R . B, FERIR BRI FOR S S R o AR Ak S RE R SSL
YL TT, T A 8 A SCAS R s I ZH 515 31 Sk /o) RN, ARG M AR e vh () = Jo 4 SE 3 SOk
s A2 SR T SEBASE FH AR P B S5 K15 BRI s SO I R R S50 AU R T4
HUAHZE X 8 2 3] P35 R AL & (CharCNN) SRR R, A5 B £ Rm -5 M Ia A & 1
) B R AN, AR il B A B RIS 1] [ B 4 RO AE 1) A1) RS RN S / 5k BRI R s R /s T Y.l )
SEARFI IR 22 (3R 78 2 F XA KA I E 12 4% (Bidirection long short-term memory, BiLSTM) SZEL,
AN () B 4 A E R RIS AZ P 285 (1) N, 38 T o) 1] S 1) ik AT 20 6 W] LAS 21 6) 1 200 1) 22
AN BT AN A AT BRI R A SE A, HL il ) rh A ] B RD T SE A/ 50 BRI R B AR B A
[F . PRIAST 5 NTE R AIHLE] (attention), 2% > in) ) r A4S B3] T AN [F] S AR RO A F [ B, SizAA AT
KA DR A A B2, tani? Al 2 “people/person /spouse_s. /people/marriage/spouse” %, N
SRR RIIZAE “person”. AL IR R 5l 1] 4] H R SEAR I OC 28, T AR fe 28 IR 45 SRk v A Y
(AR k. DA IZRI 7 st A B T30 E AR R R0 T SEAR IO R FE . A S8 — R & I 2
(177 ORI GRS ARHREAT ENIR I 2R 2 ) RS 42 / ¢ R 1R

RIAE AT EAREE (SimpleQuestion () FRIGIFRATAIBIAL. SRIGR BT, A SCHR H 7 VA HUS
TEIFRCR, IF HIE 7 ARE S L R I BRI GREEBE O B AR HE A, A S ) 32 2
TUERELHE: (1) 2t — MRS ORI AR R IR T, 1% 07 VR RER SUARFI AN IR 5 2] 31 Gt — I 37 ),
(2) BE T AP A o i) DR THR 0N R 0 &, 1T B i S A /o0 RN I HERR 2 (3) R IE T %
ACH AT FITR R IR ) 1) (R SEAA /0 FR AR )27 21, Be 8 R THBAL i 1 2.

2 HXIE
R SCRI A RN R 7 SR 5 2 T R R 1 0] 2 R 4, ol ) R SEAR /R R IR IR R 2 T AR R
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JAHGAFEIN. B A S 3 200 A O TARRL 3 28 SURMIRARFIALGHIAL, HHRFRIRS ) &
THRIRER & R4,

NARREEE. YT RKZE AT IR T T A M2 803 FLIFEFE (co-occurrence) 5 2113
B, TR R N 2 2 AL S C&W 12 Word2Vec (13 fil GloVe M &5, it — bl
RUAF /A (character-level) R /NIEATH A5G E1HFIR, WXT CNN M7 RF4 & 88 051,
T BIiLSTM R AR D0 & BT 2 R4 A 1] KRB G5 8 S 82 4MA] (out-of-vocabulary,
OOV) Il @, F H. 7] LA F 3] P 38 048 A5, ok i) [ 5 ()G kb 78

X T HE )T IR 2], AR IR 2% 2] J7v, TR D2 tH ™ B8 ) B A s 1) R PR e
NCHA R T — Pl AT A SCAR R IR T7 7%, 15 UG 2 R A e A s, 32 BT v A 1 B A 3] 1)
AN/ R 7 ik (84T BT AR 2 1 7 i (WNJE T IR 22 2% (recurrent neural network) ]
Ty D81 T B 25 1) 758 B BRI IR 2 M4 (LSTM) M9 [y 75 RN 2T 3 ML ()
Jii% 20y,

ASCHEH AR A BILSTM 15 261 /SX4k /58 R INRIR, [FIRAE R T 755 9 (1) 4 G 55 28 A 1]
PG REAL. RENS LUBLIE Hh AL BE S AA 44 v 1) B ] B B8R A L.

FRFIRF D). AR R 5 I 1 H AR £ 22 AR AR B rh = o1 B S5 015 B 22 2 B SR A OC &
RN, LSRRI OC R IR IR AU FTR I G5 A7E S R R A] L2y 56 4 2k T S5 M B A AN 5L
AR ARG R (AR . TS5 A (AR 2 B 47 2K pR FIOR BB SR EIOC R IR IR, W unstructured
model 21 bk n F R SEAA ¢ RATRERIAHIL. Distance model 221 J£7F unstructured model f3E
fitlh B INPRAN IC FRBIIR R R, F3 79 Sk 3508 S A 1 g 30 S AR B SR 3811 0C 2R ) B 5 TR v, I T R R IR R,
Single layer model [23] BEM7E distance model (Al 3G N T BLZ M ER [N 4% M58 T A RORBE .
Bilinear model (241 #£AYff F — AN B AR PR R KR E R, — AN SRR s, FLAi ok s 3G 4o =t
S R SR N DG R BRI AR . DistMult 28] 588 Y SR RN 5C R 1) S 1) AR A = J04H. ComplEx [26]
FERLRXT DistMult 58 ()3 &, K i) 5SS (9 e 21 e 3002 6], IX A B8 A Rt g 4 — Jo 2
—XF % BXF LK RIIFRIRAES]. Neural tensor network (23] fAZ %} single layer model 1 bilinear
model BRI 254G SN T BRI SRIREE T, (E2 [RIB 3 7 2 1 240, DRI R )I ZR0d0 1) 75 SR 4
B, B AT A K. TransE MU 20 HHR HS A — o ] B iy A RS 28, i 0N — e 4 B
A [r) £ 7% ) A Sk B el it O¢ 2R B R A AR IR 4 7%, J5 S 1R 2 A A R B XA A ) k. T,
TransH 27, TransM 28] TransR (29 5 @4 SRR R FI o R B R EAS [F] R385 S 2 (8], 3k 56 FE k47
G, RISt — BRI ok SCAR B RN R P A S (5 ORI B AT IR R R R 2% ). PTransE B0 1 2
A R R AU P R 2 2% 2] . A/ R ) AR 4 FH T 38 5 e R SRR B34,

ASCHVRIR TR F 2] LT TransE BB SCIT, AF2 3RATT B 5 40 o] LU A ) e e 3R
SR R AT LR A AR R R R S B () R, A5 B — R R T

ETMREMRZERS. ETHRM NG REEEN R 3 KTk, BT8Rk BTR
R ITIERIE TR FE 5 S W7, B T35 SRR AT (R J732 8 el L ARTE 5 10 o) A1) e 4 9 i & A2 R P
R ARZERIERX, i CCG B 37k, Lambda 1A B0 25 SR 54 15 202 48R & 2 %0
WEPE A RIRAMER. ETEBRR W IEE il PR LRSS 53 B — R0 5% SLAARFI
KA, RGBS 19 B 25 AT HE P, 0T S B RIS 4 I 45 2R L T-IR FE 5 S 7 Ve ok
AW FRTTEE, SETTIESE T N8N 0 ) . SRR 58 R4 R n) & 3R, b T 7 ) & 2 1) A )
SEARRIZC R, Border 55 171 $i H 5L T2 I 28 1) 532 S AR I FR0R, FE HERUE T 4N B2 0t T2 1
FREERI R 2 RGUER. Golub 45 (61 45 H 48 B 2 57 3 (1) 37~ R T3 = ML 4 ) G S 20 o 2
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SJR)FIIERR. Yin 5 B RIS Z A (CNN) Ay & LSk o By i 8 F NN
KAE R B A H AR, Lukovnikov 25 B7) U WIHE HY 748 F T JHE PR A 242 o 2% (gated recurrent unit,
GRU) RHAG FHFHR -G 20 RoR, SR GRU RA G RRG ) T4 &R, ik
(1B T V2 R A SCAAR Bk 218 AN SR P rh SRR OC R 3R, R IR TAC AU T H
B BIRBOR, (H D208 T RN R A B 4R A I S5 R T5 B R T AR PE P G50 15 B RS T Sk
B A R &R, PLACSEAR 50 RFUBRE L0, I “parentOf” I R 5T M I SEARRAL A “person”. X L4
FE T SUAR ST T SR 5 28 B 1R 0l A i 1) B 2 s AT B8 AN Hao 45 DOV 2t A AR R 54415
SR SRIE T AR R 2 R G, 1ZTTVENR SR ) R RE RO BRTT, 2 o R, RER XN RN
N SCAR A3 B RN AT PEE, ME NSRS RN, (B2 1% 07 AN RE B FH AR R ) 25 05
BRI SCAR R R A S 20 7 SCRFIFIRAFLE IS SCI8Y4 (semantic gap).

ARSCAR Y — T S TR s B 3 1 R 2R O 19D 3 2R G, RE A P kR 8 () S R 45 J2 R 8 SO
PR GBI AT IRAE AT EN R 37 27 S B AN 4 SEAR AN K R — AL ) BTG, T
FE L SR R M5 TR A B Sk /R RO, AR I TTVEME ] CharCNN SKEAT 7 1F
WAV AR 2ARIR IR, R EHET BILSTM 2% X JIRE sk /0 RV IR, 2 ) BRI - T 50
BTN IR, RSO R R AL S AR AT ST, 1 M0 kR 2 O 505 B it B SCAR R s A &
B g A3 B S / Ok R RN T B R ) AR R 2 20, AN A 21 SEARF& R P SCRTZ0 o)1)
R

3 FAMIRRTHEIRERZE RS

AR A ] BT R R, 2R 1) 3 R G AR SRR SRR BRI R 34
FEOPTR: (1) SEABERE. U Rl A0 b Bl S i) SR B Sk TR AL E SO: 455 — DMELE n A FRAF
W5] Q = wi,wa, . .., wn, TRHHAPRIRLRNRFRF R I BER BTN SLAK e; (2) KA. HIW
5] ) )8 F ], HRE S8 RAF LA BIRNRFE T I OC &R 15 (3) B SRR ARYE R B SRR 56 28 2 RNR
A, KB HARER, WALRAE e M ry; BIRIRZE P RBIVLACH) = e, 458 B Rl A) s SEAR NI SC
HIRAN 2 S5, 2 S HAS 3R A 7 BRI rp iy BV AT D] LA S 3 B8R e 1) ) P S AR R A0 5 2R TR
ENC =R il vk

ACHR M B TT 0 AR 4 M ARG SRR R BB Bl A FIR R IR I SO RN A A A
ML SEAREERE, DLRR R,

3.1 FEHIARTHIXARTREEGER

AN T2 B QAT R EN R R P B B G A A S G i B SOAR R R M S R b B AR R
IR AN SRS SEAR 4 (name) FTHFRAI I SCA 4 (type), ELAN: Freebase F SR “m.0j3ytfd”
HISCAR L AN 4 537N “Terry Adamson” Fl “Football player..”. ¢ Z& ME ¢ R A B B SC A IR
55, Ll “people/person/nationality” %4 A1 J¥ 41 “people person nationality”. IXFEFRATHEHIR
JE ) = T e N AR TE AU = g6, @ (m.0j3yffd, people/person/nationality, m.0162v) #4N
“(Terry Adamson (Football player..), people person nationality, Barbado (Country))”.

X FEANE 8 ISR =0, B el B SUAR RN AL S R RS B AN SR RIOC R IR, SEff /%
RINEREET FR PN H G o133, Horbia R w8 1 fros. 28RN 78 20 F) il 1) A 8 2E R
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Word embeddi
ord embeddings Word
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- HiHE e

Char-composed
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Char

Char embedding CharCNN

1 (MBMFZE) 1R EF SIREEME

Figure 1 (Color online) The framework of character-based word representation learning

BEME TR, ATLMERIE I FoR. SUARICR R, MIT BILSTM 1 BUR A GBI %
ARHEATAL 2, BN 2 ] A IS B (2
X MRS o, AR o B R B4R 5]

e = BiLSTM(Rep(w}®™°), ..., Rep(w®™®)) 4+ BiLSTM (Rep(w{*®°), ..., Rep(wP°)), (1)

Hordr wpame J& e STRZ I @ AN HA; wPC R e SHARRAIEE j N HA; Rep(w) & IR RAR
7, WHE IR Fos:
Rep(w) = CNN(c?, ..., ¢') + WE(w), 2)

Horb e R w 5 § AR BT WEw) R w B . Al Sl 4 7RI
INAIVE NSRRI, FRER R r IR v N A SO P 4 S AR RS 3] 5
VEWTT FTs:

7 =BiLSTM(Rep(w!*°), . Rep(weation)y, (3)

o qppelation 2y PR [R5 4 A FL1A].

ARICEET OA B AR R 2 SRR G5 K15 SUOm S B SO R A G B . X T4 1
=0, HEET BIR TR SR G RO R R R, ARJE IR IR R, R 2RI 1 7R
o AR EEHTE AN SR R IR, TR EH A A& 16 [ & . CharCNN BAUFT BILSTM #5744,
TR I IR 7 2T DR SRR EE ) Z5 S BAE N — M B B SCAR I R R 2 2] b Bk, BEXS 45 € =
TCHL (b, t), B PR SCAR R BRI N [ & b, v, ¢ SRS AT 20 R EOR THRIX A = e 4L
i

score = f(h,r,t), (4)
Hory f 2 AT 70 s, AR B AR T 70 B8, 4770 RABUER T2 = e K, score (BB,
Z= e AT RN . ASCAE ] H AT R AT 12 1 TransE P BRE G RIHRFR R IBEEL, AT 70 iR
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A F prs:
f(h,r,t)=|h+r—tJ2 (5)

RIVR P 2R 2 ST AR I 25N 75 40, IF Lk IR B R T 0. (E R iR A B R 5 1R 431,
AIAEHT TransR 29 (7735, b T4 7€ =704, BENLE B i i) Sk se i n sl AR SAA ¢ kAl
EAGIES T FIRFE R 45 e HOE SO

loss = [margin - (f(h7 r, t) - f(h/a r, t/))]-H (6)

Hrb (h,r,t) € T ZREREILGIELS; (0,r,t") € T RAER BIES; margin £42HI S5 B AT
DA ARAE AL R IE B ) B A5 2 ZE L AR (0 BAS FE K 2D margin, ASCEIERIHRRIRIISE ST, F AR E
ISR (5 B Al & BRI R R AN S AR

3.2 SLiFHEE

AN B AL W )AL SR IE DR, An T8 52 12100 0 7 e i e 0 L SEAR. AR SCRE
] B AR E— NS n MARIA) Q = wi, wa, ..., w,, ASCE LK 1 Frs iy % 245
B o) A BN R, BE TR BIRIEROR, A BILSTM & BIAL 4] 7T H &5 3 A1) 1R,
— AN A PR S 2 ANE, IF B ARNA X TS A R R AR . DA S 3] )T IR OR I,
ARSCHIN T HER B, 2L R MR SR RS RN attention SRIEE A TR 3]. HAJR
AT ST R pros:

Q = Comp(w1,ws, ..., wy) = hy -atty + hy - attgs + - - + Ay, - attyy, (7)

Forbw; AR 0 AN by AT 0 AR R BOEUZ IR atty, 25 @ NEXSRIE kA
SR R, BT R SR

exp(score(h;, ex))
> exp(score(h;r, er))’

Hrp score(a, b) SN A AL S5V e A2 20 b AR N B AR s, A SCE H 435540
ARARETHERL [ B 1) AR AR ABAE

MR L3R T332, AT DA 10 1) ARG 2 B ide SEAR AR 1) 0 A . 1)) 5 (e SEAA 2 [
FIRYAH O FEE XA R . v 2 ] PR R S A AL E R A . AR AL P2 i R P ik i S A R S R 1) SR PR SR

(8)

atty; =

3.3 XZRiRH|

AT B BAELS E ) BRI SEAR B LT, QAT g 12 e ) P s IR 90 R AR E SR 2,
F A 5% 5 = o2 P LI OC R EBME MG OC 2R 530 5% R IR R BT A A BB R0 ik S
KFATHE R R FH). 5 SRS, AH TR ) 6] 72 P8 R AN R 9 B IR 48 3] 1 B SR B2 A [ 1.
B, 45 %€ i1 A) “what country was the film the debt from”, X NI R & “film/film/country”, M 4] 4]
H) “country” F1 “Alm” XF TR R 1) EE KT HAhA]. BRI AE G R, A)F 1R R %
I F R R B RAE VR I R, BTk S SR B 25,

Q = Comp(wy,wa, ..., wy) = hy - attyy + ko - attre + -+ + Ry, - attyy, (9)
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Hrp Comp B 5 SLAAPU T RO R, HBHOEE, m RZK AN BAA KL atty, 72 7 A)
550 AR RS 1S RARBCE, TR T B

exp(score(h;, 7))

atty; = .
b > exp(score(hir, 7))

(10)

3.4 HEENIZ

20 58 IR B LUK B = Te 4, R H AR AR AR 4 R R A) B DL, SREBZ A i S i sie s Je o
B RSO SRR LR I )T b BT SCAS KR 2R, SRR AR AL 7 A 1R AR ) . A1)
B A AR AT AR CNN A BRE RIR FEROR A R 35 RG22 0. A YNGR 2 A0 B
WMEVE 1 PR, B, T RIRESTR=0HES (hrt) € T K=JcH & MTE LE 250521
M. FRME. ONN FRAAEAA BILSTM HA&BA . Hik, MHBRMEmE. 257w
. CharCNN Ml BiLSTM R illl 2 il A1) () SLAR SRR NS¢ R IR fe A AU AT R R R s 27
SIRNSEARGERE /R R 0.

R 1 M ERIRFOR AR E A R R
Require: —JL4L T, [W4A) — SEAR/SCRN, SER 4 . SEARSR AL . R RFIRES,
Ensure: FfF & C, 1 [F&E W, CNN #% BiLSTM &4,
MRHE =l T MR A EIEE =Jud T,
MR . WG LA E & CNN F1 BiLSTM ZH &7,
while RWEEAR BN 1% do
FIF =70 . AR EF R, WGRAIR TR,
AT 1A A &, B ONN, BiLSTM 44157,
) FH 1002200 ] ) e R A T S R T SR T [ B R G
TEHT AT A AR, BB ONN, BiLSTM 4 AR,
end while

4 X
4.1 SKIGHUE

ASCAE ] SimpleQuestion (7 B4 82 00 E 77125 (047 20 E. R4S 1T 10 54N 80 1]
AN Y] Freebase KNV ZEH I — A = JuddXf B, AT AR R EIZFZ A 1. thin: 7%) “who produced
change partners”, X} N = G4 (m.0s4hxt, music/recording/producer, m.0d7n9). SimpleQuestion F(#i%5E
K5 FUNEREE « MRRAERIT R, 435I S 79910, 21678 1 10845 2K, A SUAHF Freebase T4
FB2M N IIGREAEAREAT MR R B, & 1M 2000000 SEAARRT 6701 1585, b T INPRIIZRE
BE, ARSCH FB2M #2347 PilAb L I T A AN SimpleQuestion HSEARE I R 1 = JudH. &
PR A R R AR SR L 131062 NSEAAFT 3059 AN R, FEANRERIFR RS 2, AASCR A Lin 45 29
SR AT A R A . FEREAT SR S, B SR S AR AR Y A B I, HANRE R CAAFAEAN
WREEH I = Ted. B0, 284S il SR | 12 SR E I ZR8E TR D Sk sk Bt

4.2 RENGE
AICHT CNN RSB R A TR R, I BILSTM SEELXT HL il (204, ] DAFS 2
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% 1 SimpleQuestion ¥iEE LHER

Table 1 The results on SimpleQuestion dataset

Method Precision (%) Improvement
Bordes et al. [7] 62.7 %+15.3%
Yin et al. [8] 68.3 %+5.85%
Dai et al. [38] 62.6 %415.5%
Golub and He ] 70.9 %-+1.97%
Lukovnikov et al. [37] 71.2 %41.54%
Ours 72.3 -

SEAR . SRR AR, BT Pytorch S8, KA Adam BT S50 W, ] M & A 75
EAEFEBLE Y 50; ONN B IR & 1 B 3, AIEFAN G Z MBI Max-Pooling 2l —A>4x4E
FJZ; BILSTM s&XUn] LSTM #AY, 4 th 4L 2 8 B 8 100; 2% 2 F 44644 {0.1,0.001, 0.0001}; TransE
R ) margin BEE N {0.5,1.0,2.0}, batch size BEE A {100, 500,2000}, dropout BEE N 0.5, TEHEA
ZEr, TransE FEKIEAR 200 U, FIREZ RGIEN 5 K, BEIERREBE Y 100 K. BEEF|
SimpleQuestion HJ3GUFAEHATHERTIF 1L (early stop).

4.3 SLIWHER

A i BASE ) B A B 7 AT X b, X Ty BT SimpleQuestion R SEFEATIRIE. A3
Kot B 1) 7 V2 380 i 2 i 2 AL (1 771, 845 memory network [ Yin 25 Bl #2H 3£ T attention CNN [
J715, Golub Al He [0 $2 13T character-attention [ encoder-decoder 771, Dai &5 B8] 3 Hi fr L+
RNN (17515, PA& Lukovnikov %5 B7 $2H[1) word/character J5i%. ¢ £ Fhdl & FI Y5 M 2 i
kiJTE, UM L2 50 Ul TE 2 IR S5 5 B, SASCARRA AT et (140 Dai 55 B8
FH ) active linking Fl Yin %5 8] ] focused pruning). VP8P8 K FAERZR, RA 21050 H R 1 SE AR A
KAZFBIER GG A R IEM. LR RINE 1 Prox. R 1 o] LIS EILL R 45k

o ALFEM T EF NG — K EFR R, SRR PR R AEE T ZRR G2, Mo 75371
i) /it

o S5ICHR [10] ZEIRATEL, FRATH ARG T A 45 IR, BT 48— IR % 2 B SR AR
FoN Z B IR AEABLRE B B B4 2 1] PR3 SOAH R 1

o RICHRE T A0S T At g 380 0 (A R XA T A 2 R

W 1 s, ARSCHE I D7 VA i 210w 28 Y () 7 V5 T U T i O CR (et 8 R AR ).
A] DU H AR SCHE HH 19 77 325 R 8 A 80 R FH R SR 7R S 3 B T R I ) B RS AT55

4.4 TFEH@ESHT

4.4.1 ARERREER

T SR R P )RR R RIS FIRERTR, BLRIBRA IR0t TR ) 2 R St AR
H, AR3CAE SimpleQuestion 4 4E FidhAT 2 24 SCI0 R B0 IE 2 MSEHL IR 8UR . 31X 43 S iex e B 2
i SRHBENLR 7RG B SR MO &R, LT [ & + BILSTM AUREAY, 763 [ & + BiLSTM 415k
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* 2 AEHERIEATE SimpleQuestion HIBE FHER

Table 2 The results achieved based on different modules of our model

Number Method Precision (%)
1 Random (50) 2.1
2 WE + BIiLSTM 43.1
3 WE + BiLSTM + CharCNN 62.3
4 WE + BILSTM + CharCNN + attention 66.6
5 WE + BiLSTM + CharCNN + attention + KB Structure 71.3
5 WE + BILSTM + CharCNN + attention + KB Structure + Jointly 72.3

* 3 RBEILEIEHRHFE

Table 3 The impact of lost entities for accuracy

Entity recall Overall precision (%) The precision after filtering out the non-recall entities Improvement

88.1 72.3 82.1 %+12.3%

MF 2 TTDAF H A T 255 (1) CharCNN 1] L7 3 BRI B2 R REAE, FRATTHENZ K8 CharCNN
RENS B Lt b 21 AR ] L SEAMA), 22 o] B SN M E RN (A 24121 Sk REENNRAE I, %
AENGEFHI). (2) I attention HLE, HER AT DI BI6) 7 o 1) CHETA], BE % T 1 b 5@ A7 3 e AH
SEBIAAIE, AT 35 BARE AL R 51 H IE B A SRR DG 2R, (3) SR (R S F (5 B 2 TR i ) & R GE AT
BORIVER, 38T T 7% A RIHER . (4) FIREE SRR RUATE ) 2 R SIS I ZRae B8 Se TR
RO, I RN SR AT Ui — P SR T SR BERE AN OC RPN 2. EIRSRER ISR T AR R IE
AR H B AL BE RS AT RO S5 S SUE Bt B SCAR R R HE ST SRR 96 R IR B I #ERf R

4.4.2 $BES

N T IOy A AR SR AR R 3 P VT DA BRI BR P, AN Ox H B 2 B R SRR AT 1 T
KILE n-gram ESEARILECZ 5, A RHEIEASRERS 2 LB IR (5 18 SEAK, SX 48 [ A i e i SE R AN fE
18], T 2 IR A SER AT H [, B R ARANBETS B IR S5 IR, R A PR H A R X T fik e s
R FE TR BRI RGE, HoA Bl 25 R B s R A RR. 38 3 gt T RRLE A RSP T
RS

R 3R, MR A BRI SLA 5, BB RAERARIETE T 12.3%. Bk, FATRBR AT BLE
SO AR ik e SIE AR A R A Rt — D BT HHE R R

5 4£ERIE

ARSI IR LR A B SCR RIS AL G TR IS, AR 72T RIREE R R & RS
R IR IR IR BENE A HOM AR T ] A b SSARBER A G R IR RCR, PRSI E ERT)
WU R N 2555 J7 2CH EA B i R 10 ) SEAR AN G SRR 2 10FE A AR SCHR HE IR B 7E 5 T i i
Py ] B i) RUKCHE AR IS 1A RO AR TR VEAR 2 A R GE TN BB R, A DA B A T ik
SEARAE R, a1 BT n-gram UG HC R 128 SR AR ORI A 4 (] 3 A TR, DR] AHAE 7R f i 5 Ay B ik
—BERTE. AN, TR S 2R, AR I AN REIR AP AL BEAH R R R AN RIS, SR RELE
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Abstract A knowledge-based, question-answering system can automatically answer natural language questions
using triples in a knowledge graph. Simple questions are the most common type of questions which can be
answered by a single triple. However, answering simple questions is still challenging when faced with a large-
scale knowledge graph. Currently, most end-to-end models learn the distributional representations of entities,
relations, and questions, and compute semantic relevance based on these representations. These models ignore
the structural information of knowledge graphs, which is important for entity linking and relation recognition in
questions. In this paper, we propose a unified representation learning method for text and knowledge to learn the
representations of questions, entities, and relations. The structural information of a knowledge graph constrains
the word representation and the word composition model. Experimental results over a knowledge-based question-
answering system show that the question representation and the knowledge representation learned based on the
unified representation can achieve a better performance.

Keywords question answering system, knowledge base, word composition, knowledge representation, text rep-
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